Joint coregistration (JC) approach, based on least square (LS) method, is proposed to improve the synthetic aperture radar (SAR) images' coregistration precision and persistent scatterer interferometric synthetic aperture radar (PS-InSAR) performance. Firstly, the image pairs with small spatial and temporal baselines are used to estimate image shifts to reduce the decorrelation effects. The SAR images are all positioned in spatial-temporal baseline plane and connected with the Delaunay triangulation method. Those arcs with long spatial and/or temporal baselines are deleted with an experienced threshold. Secondly, the shifts are estimated with arc-linked images by conventional coregistration approaches. However, the shifts of arc-unlinked images are still unknown even the arc-linked images are accurately coregistered. For this problem, we estimate the shifts of all the slave images with respect to the reference image from the shifts estimated by the short spatial and temporal baselines. LS method is used to tackle the problem of shifts' error propagation. Finally, all the slave images are resampled according to the estimated LS-method-based images' shifts. 44 ERS-2 images are used to test the performance of JC approach for PS-InSAR processing. The validity is illustrated by the amplitude and phase stability of PS candidates, as well as the deformation performance of PS-InSAR.
I. INTRODUCTION
Persistent scatterer interferometric synthetic aperture radar (PS-InSAR) and the extended time-series InSAR processing are powerful techniques to measure ground deformation [1] - [8] . In PS-InSAR processing, all of the SAR images need to be coregistered to a common reference image before interferograms' formulation. However, many SAR image sets suffer from severe spatial and/or temporal decorrelation problems [9] , which make accurate coregistration be a nontrivial task and lead to coregistration errors. Coregistration errors reduce the InSAR coherence and consequently cause poor PS-InSAR processing results.
InSAR image coregistration is the foundation of PS-InSAR processing. The aim of InSAR image coregistration is to The associate editor coordinating the review of this manuscript and approving it for publication was Weimin Huang . align two SAR images acquired from different positions. Therefore, the same pixel position in each image is mapped to the same target position on the ground. So far, InSAR image coregistration methods can be divided into two main branches. The first branch of methods seeks to describe the change in acquisition geometry from one image to another by an appropriate warp function, for example, a 2-D polynomial of low degree [10] . The parameters of the warp function are usually estimated from a set of image pixel offsets, which are measured on several image patches distributed over the scene. The pixel offsets are in turn estimated by locally maximizing a merit figure [11] - [13] , such as the data cross correlation [11] . In the case of rough topography and/or long spatial baseline, the warp function approximation becomes inaccurate, which leads to local misregistrations. These effects increase with spatial resolution of the sensor. To deal with this problem, the second branch of methods is proposed [14] .
In this branch of methods, pixel offsets are computed pixel by pixel with geometrical coregistration (GC) method. The GC method is executed by geocoding the master image and applying inverse geocoding procedures for the slave image, through the use of ephemeris parameters and a reference digital elevation model (DEM) [15] - [17] . Due to the errors of the ephemeris parameters, there are still some residual pixel offsets that cannot be neglected when the geometrical coregistration method is used. Therefore, these residual pixel offsets are obtained by comparing the geometrical pixel offsets with fine pixel offsets, which is estimated based on signal processing. In this procedure, a 2-D polynomial model is used to describe the residual pixel offsets. The final warp function is given by the sum of the DEM-assisted model and the 2-D polynomial model. Because of the heavy computation load of the GC method, the second branch of methods should be further investigated. From the analysis above, we can see that the InSAR image coregistration precision is mainly determined by the precision of the pixel offsets estimated on the image patches, which are related to the coherence between two InSAR images. Therefore, the InSAR image pairs are difficult to be coregistered precisely with long spatial and/or temporal baselines, which lead to severe loss of InSAR coherence.
In PS-InSAR processing, many SAR images (>30) need to be coregistered to a common reference image. In fact, not only the slave images should be accurately coregistered to the reference image, but also the slave images should be accurately coregistered to each other. The widely used conventional InSAR image coregistration methods is named as single master coregistration (SMC) [18] , [19] . Because of the decorrelation effects, the image pairs with long spatial and/or temporal baselines will lead to poor coregistration precision. Furthermore, the error propagation effects will deteriorate the coregistration precision between the slave images. For example, if image #2 and image #3 have been coregistered to image #1 with little shift errors, and the shift errors of image pair 1-2 has contrary error direction to image pair 1-3, then the coregistration precision between image #2 and image #3 is lower than that of image pairs 1-2 and 1-3. Therefore, the coregistration precision of the SMC approach may be deteriorated for decorrelation and error propagation factors.
In order to alleviate the decorrelation effects on SAR images coregistration, the stepwise coregistration (SWC) approach based on minimum spanning tree (MST) structure is proposed [20] , [21] . In this method, all of the images are connected by the MST structure through definition of a distance measure, which is based on a function generally describing the decorrelation effects. Then, the shifts of each connected image pair are estimated by the conventional InSAR image coregistration methods. Because of minimal influence of decorrelation effects, the precision of SAR image pairs' coregistration could be very high. However, even though the connected image pairs are coregistered, the shifts of most slave images with respect to the reference image and to each other are still unknown. Therefore, these shifts are then calculated through parameter transfer operation, which is executed by transferring the parameters of the warp functions from the given slave images through the MST arcs up to the reference image. Due to the error propagation effects, the coregistration precision of the SWC approach may be as bad as or even worse than that of SMC. The shift errors' propagation is the same as the example shown in the above paragraph. Therefore, any connected image pairs have large shift errors would greatly deteriorate the coregistration precision of the SWC approach. Assumed that the SAR images are coregistered accurately, the LS method is used in small baseline set (SBAS) to estimate the deformation phases [22] . In [23] , the LS method is also used to estimate the misregistration of time series by differential misregistration estimation with small temporal baselines in order to alleviate coherence reduction. However, the network-based method will lead to registration error propagation as in [20] , [21] .
From the above analysis, we can see that the decorrelation and error propagation factors inevitably affect the coregistration precision of the time series PS-InSAR images. Therefore, the image pairs with long spatial and/or temporal baselines should not be used to estimate the coregistration shifts in order to alleviate decorrelation effects. That is to say, we estimate the coregistration shifts by the image pairs with small spatial and temporal baselines. However, even though this discussed procedure is executed, the shifts of most slave images of low coherence with respect to the reference image are still unknown. Therefore, the shifts should be estimated from the results which have been estimated by high coherence image pairs. Then the precision of the final estimated shifts are mainly affected by the error propagation effects.
To deal with the coregistration problems of PS-InSAR, we give a new coregistration approach based on least squares (LS) method in this paper. The procedure is briefly described as follows:
1) All images are connected by the Delaunay triangulation method [24] , [25] in a spatial/temporal baseline plane, and then the arcs with long spatial and/or temporal baselines are deleted for a given experienced threshold;
2) The shifts of each arc-connected image pair are estimated through conventional InSAR image coregistration methods;
3) A reference image is selected from the image stack according to the conventional method widely used in PS-InSAR processing [26] , then numbers of tie-point pixels are selected over the reference image with uniform distribution; 4) For each selected tie-point pixel, the pixel offset series of all slave images with respect to the reference image are estimated from the shifts of connected image pairs by using LS method, which will eliminate the error propagation effects; 5) For each slave image, the parameters of an appropriate warp function are estimated from the pixel offsets at selected tie-point pixels; 6) All slave images are resampled depending on the shifts calculated from the warp functions. VOLUME 8, 2020 This paper is arranged as follows. We review two widely used time series PS-InSAR images coregistration approaches in Section II. The newly proposed JC approach based on LS method is described in detail in Section III. In Section IV, we use 44 ERS-2 images to investigate the performance of different time series SAR images coregistration approaches through PS-InSAR processing. In Section V, we summarize the whole paper.
II. COREGISTRATION METHOD REVIEW FOR TIME SERIES PS-InSAR PROCESSION
For the time series PS-InSAR processing, images' coregistration is generally executed to coregister all SAR images to a common reference image. The commonly used approach is SMC, in which each slave image is coregistered to the reference image through conventional InSAR image coregistration methods. Figure 1 (a) shows 44 ERS-2 images connected by the SM tree (SMT) strategy in spatial/temporal baseline plane. The details of the used SAR images are listed in Table 1 of the appendices. We chose image #15 as the reference image according to the method proposed by [26] . However, we can see that SMT strategy may connect the image pairs with long spatial and/or temporal baselines, as is shown in Figure 1 (a). These image pairs are difficult to be coregistered precisely because of severe spatial and/or temporal decorrelation. Furthermore, even though all the slave images could be coregistered to the reference image with little coregistration errors, the coregistration precision of no arclinked image pairs may be poor due to the error propagation effects. Therefore, the coregistration precision of the SMC approach cannot be guaranteed.
To alleviate the decorrelation effects on image coregistration, Refice proposed SWC approach [20] . In this approach, all images are connected by the minimum spanning tree (MST) strategy. To select the image pairs, the distance measure between images i and j is defined as
where γ (i, j) is the InSAR coherence of image pair i − j. Any two images with shortest distance are connected. γ (i, j) is defined as follows [20] :
where the constant c models a minimum bias correlation value, γ g , γ t , and γ D represent geometric [27] , temporal [28] , and Doppler [29] decorrelation components, respectively.
where H a (x)i is Heaviside's step function (H a (x) = 0 for x < a, 1 for x ≥ a), b c is the geometric critical baseline, b e t is a temporal baseline decay constant, B a is the available azimuth bandwidth. We can get various MSTs by changing of b c and b e t . Figure 1 (b) shows the MST results using the SAR images listed in Table 1 with representative parameters b c = 300 m, b e t = 80 days, B a = 1378 Hz (nominal ERS azimuth bandwidth), c = 0. In Table 1 , the Doppler-centroid frequencies for these data show small variations, so that the Doppler factor in (5) plays here a minimal role in determining the tree connections. Therefore, the Doppler axis is not shown in Figure 1 (b) for clarity, and only the spatial and temporal baselines are considered. The image pairs connected by the arcs are minimally affected by the decorrelation problems. Thus, the shifts of these connected image pairs can be estimated with high precision through the conventional InSAR image coregistration methods. However, from Figure 1 (b), we can see that the shifts of most slave images with respect to the reference image are still unknown, because those slave images have no direct arcs to the reference image. The shifts of slave images, which are not linked directly, are unknown too. Therefore, these shifts are then obtained by transferring the parameters of the warp functions through MST arcs from the given slave images to the reference image. Due to the error propagation effects, the final coregistration precision of the SWC approach may be as bad as or even worse than that of the SMC approach.
III. LEAST-SQUARE-BASED JOINT COREGISTRATION FOR TIME SERIES SAR IMAGES
From the analysis in Section II-B, we can see that the decorrelation and the error propagation effects will deteriorate the coregistration precision of the time series PS-InSAR images. In order to alleviate the decorrelation effects, we first estimate the shifts by using the image pairs with small spatial and temporal baselines through the conventional InSAR coregistration methods. However, the shifts of most slave images with respect to the reference image are still unknown. Therefore, we estimate these shifts based on the results of high coherence image pairs. In this procedure, we use LS method to tackle the problem of error propagation. In the following, we will discuss the JC approach in detail.
A. TIME SERIES SAR IMAGES CONNECTION MODEL
For the connection strategy of the time series SAR images, two key factors should be taken into account. One factor is the computational complexity, the other factor is the coregistration precision. On the one hand, the coregistration precision will increase with the number of high coherence image pairs, which are connected by the arcs with short spatial and temporal baselines. On the other hand, the computational complexity will increase with the number of connected image pairs. Therefore, we use the Delaunay triangulation method to connect all images in spatial/temporal baseline plane. Figure 2 (a) shows the Delaunay triangulation network built upon the dataset listed in Table 1 . The number of arcs in Figure 2 (a) is 122. That is to say, there are 122 InSAR image pairs. The number of arcs in Figure 2 (a) is about 2 times more than that in the SMC and SWC processing. However, the number of arcs is about one-eighth of the full connection. The full connection strategy connects all the images with each other. As is shown in Figure 2 (a), there are some image pairs with long spatial and/or temporal baselines. For example, the temporal baseline between image #1 and image #44 is 1930 days, the spatial baseline between image #1 and image #3 is 1443.2 meters. In order to achieve a good coregistration performance for the time series SAR images, we optimize the Delaunay triangulation network by deleting the arcs with long spatial and/or temporal baselines. During the optimization procedure, all the SAR images should be kept in a single Delaunay triangulation network, and the high coherence image pairs are remained as much as possible, while the image pairs with long spatial and/or temporal baselines are remained as few as possible. Therefore, it is important to select proper thresholds for spatial and temporal baselines. Figure 2 (b) shows the optimized Delaunay triangulation network, where the arcs with the spatial baselines larger than 800 meters and/or the temporal baselines larger than 1095 days are deleted. The number of remained arcs is 116. These baseline thresholds are manually determined according to the aforementioned optimization criterion. In Section IV, we compare the performance of the JC approach without Delaunay triangulation network optimization and the JC approach with Delaunay triangulation network optimization (JCO).
B. IMAGE SERIES SHIFTS ESTIMATION WITH LEAST-SQUARE-BASED JOINT COREGISTRATION
After connecting all images, we estimate the shifts of each connected image pair through conventional InSAR coregistration methods. From Figure 2 , we can see that the shifts of most slave images with respect to the reference image are still unknown except those images linked directly to the reference image. To deal with this problem, we estimate the shifts of all the slave images with respect to the reference image from the results that have been obtained. In this procedure, we use LS method to eliminate the error propagation effects.
Considering N + 1 SAR images, we suppose that the number of connected image pairs is M . We select a reference image in the stack, and then we select abundant pixels which are uniformly distributed across this reference image. Without loss of generality, we mark the coordinates of current investigation pixel in the reference image as (a 0 , r 0 ). The coregistered coordinates of the N slave images are marked as (a 1 , r 1 ), · · · , (a N , r N ), and expressed by vectors as follows:
where superscript T denotes vector transpose. Therefore, the M (known) range and azimuth shifts of connected image pairs can be expressed as:
Equations (8) and (9) identify the following two index vectors:
which are corresponding to the image indexes associated with the connected image pairs. The index of the reference image is set to zero. For each connected image pair, the azimuth and range shifts of the slave image IS j with respect to the master image IM j can be expressed as
Accordingly, (12) and (13) define two systems of M equations in N unknown parameters that may be organized in the following matrix representation:
A is an M × N matrix, a ref and r ref are vectors with M elements. For ∀j = 1, · · · , M and ∀k = 1, · · · , N the corresponding elements can be expressed as
For instance, if the connected image pairs are (0,1), (0,2), 
Equation (19) highlights that A is a sparse matrix, which directly depends on the connected image pairs. Due to this characteristic, if all the images are involved in a single Delaunay triangulation network, it turns out that M ≥ N , and A is an N -rank matrix. Accordingly, the systems of (14) and (15) are well-determined (M = N ) or over-determined (M > N ) systems, and their solutions can be obtained by LS estimation [30] 
In order to ensure the precision of the estimated pixel shift series, the selected critical spatial and temporal baselines in Section III-A should hold all the images in a single Delaunay triangulation network.
After estimating the pixel offset series for all selected pixels, an appropriate warp function is constructed. Then, with the estimated pixel offset series, the parameters of the constructed warp function are estimated for each image. Finally, all the slave images are resampled to the coordinate of the reference image according to the shifts calculated from the constructed warp function.
From the procedures described above, we can see that the number of images needs to be resampled in our approach is the same as that in SMC and SWC. Therefore, the difference between the computational complexity of the four coregistration approaches (i.e., JC, JCO, SMC, and SWC) is mainly depending on the number of image pairs to be directly processed.
IV. PS-InSAR EXPERIMENT AND PERFORMANCE INVESTIGATION BASED ON JOINT IMAGE COREGISTRATION
In this section, we investigate the performance of JC and JCO approaches through PS-InSAR processing with ERS-2 dataset listed in Table 1 . The ERS-2 dataset is described firstly and then the processing performance is compared through the PS-InSAR processing results with the JC, JCO, SMC, and SWC approaches. The PS-InSAR processing includes time series SAR images coregistration, PS candidates (PSC) selection, APS estimation and removal, and displacement field estimation.
A. ERS-2 DATA DESCRIPTION
An ERS-2 dataset over the Rome metropolitan area is used to test the presented coregistration approach. The dataset includes 44 ERS-2 images acquired from October 8, 1995 to February 18, 2001 . The main parameters are listed in Table 1 . As is mentioned above, the variations of Doppler frequencies are small, so that the decorrelation of Doppler centroid can be almost neglected during the master image selection [9] . However, the Doppler centroid cannot be neglected during terrain phase extraction when the differential interferograms are generated. The incoherent average of all the data (multiimage reflectivity map) is shown in Figure 3 . The test site is about 8 km in range and 8 km in azimuth. The asterisk denotes the reference pixel location in the PS-InSAR processing. 
B. TIME SERIES SAR IMAGES JOINT COREGISTRATION
We now coregister all the slave images to the reference image by the four approaches, i.e., JC, JCO, SMC, and SWC. Image #15 is selected as the reference image. For different methods, all the images are connected by its own strategy, which have been introduced in Section II and Section III. The connected results are illustrated in Figure 1 and Figure 2 . The shifts of each connected InSAR image pair are estimated by the same method. Firstly, for a common number (512) of patches (dimension: 64 pixels in range and 64 pixels in azimuth), pixel offsets between master and slave are estimated by maximizing their incoherent cross correlation. Secondly, patches exhibiting correlation coefficient greater than 0.4 are retained for the following polynomial fit with a 2-D polynomial fit function of second order. The fit is weighted by the correlation coefficients of the patches.
For the SMC approach, the shifts of all the slave images with respect to the reference image have been measured. Therefore, we resample all the slave images according to these estimated shifts. However, for the SWC approach, the shifts of most slave images with respect to the reference image are still unknown. Therefore, we estimate these shifts from the shifts that have been measured through the parameter transfer operation, and then we resample all the slave images. VOLUME 8, 2020 For the JC and JCO approaches, the shifts of most slave images with respect to the reference image are still unknown too. The shifts of all the slave images with respect to the reference image are estimated with the identical processing parameters for these two approaches. The number of tie-point pixels is 512. These tie-point pixels are uniformly distributed across the reference image. For each selected tie-point pixel, the pixel offset series of all the slave images with respect to the reference image are estimated through the procedure described in Section III-B. Then, the polynomial coefficients of a 2-D polynomial of second order for each slave image are estimated by LS fitting of the pixel offsets estimated at 512 selected tie-point pixels. Finally, all the salve images are resampled depending on the shifts calculated from the 2-D polynomials.
In the following, four sets of interferograms with the same reference image are generated from the stacks with different coregistration methods. The SRTM DEM is used to remove the corresponding terrain phase from all interferograms. Therefore, four differential interferogram sets of are generated.
The number of image pairs that to be directly processed in our approach is about 2 times more than that in SMC and SWC. Therefore, the computational complexity of our approach is about 2 times larger than that of SMC and SWC.
C. PS CANDIDATES SELECTION BASED ON THE JOINT COREGISTRATION SAR IMAGE SERIES
We first carry out radiometric calibration for all the amplitude images used in [31] . Then, the PSC is identified according to the amplitude dispersion index, which can be executed as follows [2] :
where m A (x, y) and σ A (x, y) are the mean and the standard deviation of the amplitude values at pixel with coordinates (x, y) along the temporal axis of the stack. Pixels with an amplitude dispersion index less than a chosen threshold are identified as PSC. D A is influenced by the coregistration quality. For the ideal case of a perfectly stable and noiseless PSC, the 2-D radar response pattern remains in time. Therefore, its theoretical D A value in such ideal conditions would be zero if all the images are accurately coregistered. However, coregistration errors will cause small displacements of the position of the backscattering patterns. And then the amplitude standard deviation of PSCs will be increased and the mean amplitude will be decreased on the same pixel of temporal PSCs, i.e., they increase the value of D A . In another point of view, with the same D A threshold, coregistration errors will decrease the number of detected PSCs. Figure 4 shows the relative number of PSCs as a function of the D A threshold for the stacks coregistered by these four approaches. The values are normalized with respect to the number of PSCs found in the SMC case, which corresponds to the constant line at 100%, to better highlight the relative gain. The results show a moderate increase in the number of PSCs associated with the JC and JCO approaches, which shows us that the high coregistration accuracy is necessary for PSCs' candidate. On the contrary, the corresponding number of the SWC is lower than that of SMC. The increase for the first two plots is generally more pronounced for lower D A thresholds. For example, the numbers of PSCs obtained for the stacks coregistered by our approaches (i.e., JC and JCO) are about 10% more than that by SWC at D A threshold of 0.25, and these percentages are about 39% at D A threshold of 0.12.
PSCs with small-D A values represent the ideal point-like scatterers, which are influenced slightly by noises. These PSCs are sensitive to misregistration or interpolation errors [32] . In our investigation, we only considered the common PSCs, i.e., the pixels having D A below the determined threshold in the four stacks. When the detected common PSCs exhibits lower D A values in a stack with respect to another one, this is an evidence of the fact that the coregistration is performed with less error on the former stack than on the latter. Figure 5 shows the mean D A of common PSCs obtained for the four stacks versus increasing D A threshold values. As shown in Figure 5 , the mean D A of common PSCs obtained for the stacks coregistered by the JC and JCO approaches are always lower than that by SMC. For example, for D A threshold of 0.25, the mean D A of common PSCs obtained for the four stacks coregistered by SMC, SWC, JC, and JCO approaches are 0.1890, 0.1982, 0.1838, and 0.1840, respectively.
To add consistency to our results, we calculated the percentage of common PSCs having D A values lower in the SWC, JC, and JCO than SMC processing, i.e., δ D A = D A (others) − D A (SMC) < 0, versus increasing D A threshold values, as is shown in Figure 6 . It can be seen that 68% to 90% of the common PSCs exhibit a decrease in D A when using JC and JCO approaches rather than SMC. We use a D A threshold of 0.25 to identify the initial PSCs for APS estimation. The PSC density corresponding to SMC, SWC, JC, and JCO approaches are 68, 52, 76, and 75 pixels/km 2 respectively.
D. APS ESTIMATION AND REMOVAL PERFORMANCE INVESTIGATION
The phase difference between neighboring PSCs x i and x j of differential interferogram n may be expressed as:
where ε is the height error difference between the PSC pair, v is the linear deformation velocity difference, w n is the linear phase residual (LPR) difference, B ⊥,n is the perpendicular baseline, T n is the time interval between the differential interferogram SAR images, R is the one-way slant range, θ is the look angle, λ is the wavelength.
The LPR w n is w n (x) = φ NL,n (x) + φ α,n (x) + φ n,n (x), n = 1, 2, · · · , N
where φ NL,n is the pixel phase introduced by nonlinear terrain motion (i.e., deviations away from constant-velocity motion), φ α,n is the phase introduced by atmospheric effects, and φ n,n is the noise phase. The N wrapped differential interferograms are used to estimate ε and v by maximizing the multi-image phase coherence γ PSC
Firstly, we estimate ε and v between PSCs within a square scene of 1 km in range and 1 km in azimuth. We search for ε over ±50m with 0.2m steps and v over ±18mm/yr with 0.1mm/yr steps. We retain pairs with a multi-image phase coherence γ PSC ≥ 0.75. Secondly, the height error, linear deformation velocity and LPR on the sparse grid of PSC with respect to the reference pixel are obtained by using the weighted least mean squares (WLMS) algorithm [33] , [34] . Thirdly, the atmospheric effect component is separated from the other signals in the LPR by applying a low-pass filter in space and a high-pass filter in time [1] . We carry out temporal smoothing by using a 300-day triangular movingaverage filter. Phase residuals are then spatially filtered using a square window of 2 km in range and 2 km in azimuth. APSs are then interpolated on the original regular grid and removed from differential interferograms. APSs relative to the reference image with different methods are shown in Figure 7 . PSCs that are retained in the JC and JCO whereas excluded in the SMC or SWC are identified in some of the areas (not all the areas) marked with rectangles. For clarity, we show the enlarged part of results for each figure in the right bottom. From the first iteration of the APS results, we can see that some PSCs are detected in the JC and JCO processing rather than SMC and SWC. The density of estimated APSs with JC and JCO are both larger than that with SMC.
E. DISPLACEMENT FIELD ESTIMATION PERFORMANCE INVESTIGATION
The following step in PS-InSAR processing is to perform an exhaustive search for PS using the APS-free differential interferogram phases with respect to a reference pixel
where the LPR w * n is w * n (x) = φ NL,n (x) + φ n,n (x), n = 1, 2, · · · , N (29) VOLUME 8, 2020 The height error ε and linear deformation velocity v are estimated at each pixel by maximizing the APS-free multiimage phase coherence γ PS
We search for ε over ±50m with 0.2m steps and v over ±18mm/yr with 0.1mm/yr steps. Figure 8 shows the relative number of PSs as a function of the γ PS threshold for the four stacks. The values are normalized by the number of PSs detected with SMC, which corresponds to the constant line at 100%. The results show a moderate increase in the number of PSs associated with JC and JCO, while the corresponding number of SWC is lower than that of SMC. The increase for the first two plots is generally more pronounced for higher γ PS thresholds because of high coregistration accuracy. For example, the numbers of PSs obtained for the stacks coregistered by our approaches (i.e., JC and JCO) are about 11% more than that by SWC at γ PS threshold of 0.85, and these percentages are about 46% at γ PS threshold of 0.98. Figure 9 shows the mean γ PS of common PSs obtained for the four stacks versus increasing γ PS threshold values. For all γ PS threshold values shown in Figure 9 , the mean γ PS of common PSCs obtained for the stacks coregistered by the JC and JCO approaches are both greater than that by SMC. For example, for γ PS threshold of 0.85, the mean γ PS obtained with the four stacks coregistered by SMC, SWC, JC, and JCO approaches are 0.9183, 0.9134, 0.9257, and 0.9246, respectively. To add consistency to our results, we calculated the percentage of common PSs having γ PS values greater in the SWC, JC, and JCO than SMC processing, i.e., δ γ PS = γ PS (others) − γ PS (SMC) > 0, versus increasing γ PS threshold values, as is shown in Figure 10 . It can be seen that 65% to 81% of the common PS pixels exhibit an increase in γ PS when using JC and JCO approaches rather than SMC.
We use a γ PS threshold of 0.85 to identify the final set PS. In [9] , the authors gave the relationship of the phase standard deviations versus coherence. Therefore, according to the mean γ PS obtained with the four different coregistration methods in the previous paragraph, the standard deviations of deformation phases can be obtained as 3.18 degrees, 3.25 degrees, 2.96 degrees and 3.00 degrees consequently for SMC, SWC, JC, and JCO approaches. Figure 11 and Figure 12 show the height error and linear deformation velocity at the PS pixels estimated from stacks with different coregistration approaches. PS pixels that are detected in the JC and JCO but not in the SMC or SWC are identified in some of the areas (not all the areas) with rectangles. For clarity, we show the enlarged part of results Figure 13 shows the shift differences of each slave image coregistered by the JCO, SMC, and SWC approaches with respect to the JC approach. The averages (diamond) and the standard deviations (error bars) of the shift differences are reported. The averages of shift differences of all slave images between JCO and JC cases are 0.0059 pixels in azimuth and 0.0078 pixels in range. The averages of shift differences between SMC and JC are 0.0419 pixels in azimuth and 0.0499 pixels in range, which are greater than that between JCO and JC. The averages of shift differences between SWC and JC are the largest ones with 0.1186 pixels in azimuth and 0.0929 pixels in range. From the shift differences in Figure 13 and the experimental results described above in this section, it can be observed that the JC and JCO approaches have similar coregistration precision, both of which are better than SMC. Due to the error propagation effects, the coregistration precision of the SWC approach is worse than that of SMC. 
V. CONCLUSION
In this paper, we propose a new approach for time series SAR images coregistration based on LS method. We first connect all the images with the Delaunay triangulation method in a spatial/temporal baseline plane. Secondly, the arcs with long spatial and/or temporal baselines are deleted. Finally, the shifts of each connected image pair are measured through conventional InSAR image coregistration methods. In this procedure, the image pairs to be processed are slightly affected by the spatial and/or temporal decorrelation problems. Therefore, the accuracy of the shifts can be guaranteed with small errors. We estimate the shifts of all the slave images with respect to the reference image from the shifts estimated by the paired images based on LS method, which can tackle the problem of error propagation. We have compared our approach with the SMC and SWC approaches through PS-InSAR processing on 44 ERS-2 SAR images acquired during 1995-2001. The experimental results have shown that the coregistration precision of our approach is higher than that of SMC and SWC. Furthermore, the estimation performance of PS-InSAR is improved by using our approach. In addition, the proposed approach can also be applied to improve the performance of the SqueeSAR and the small baseline subset (SBAS) techniques.
